The purpose of this study is to review the literature on the most accurate indicators of students at risk of dropping out of high school. We used Relative Operating Characteristic (ROC) analysis to compare the sensitivity and specificity of 110 dropout flags across 36 studies. Our results indicate that 1) ROC analysis provides a means to compare the accuracy of different dropout indicators, 2) the majority of dropout flags to date have high precision yet lack accuracy, 3) longitudinal growth models provided the most accurate flags, while 4) the most accurate cross-sectional flags examine low or failing grades. We provide recommendations for future policy and practice.
Introduction
For students who fail to graduate from high school, a long history of research has demonstrated that on average, in comparison to graduates, these students experience higher rates of unemployment and incarceration and lower overall lifetime earnings and life expectancy (Berktold & Carroll, 1998; Jemal, Ward, Anderson, Murray, & Thun, 2008; Moretti, 2007; Muenning, 2007; Rouse, 2007; Swanson, 2009; Waldfogel, Garfinkel, & Kelly, 2007) . In the United States, graduation rates are estimated to average between 70% and 80% nationally (Balfanz, Bridgeland, Moore, & Hornig Fox, 2010; Cataldi, Laird, & KewalRamani, 2009; Kaufman, 2004) . However, for some schools, specifically schools in urban and poor contexts, graduation rates have been shown to be as low as 50% or less (Balfanz, et al., 2010; Balfanz & Legters, 2006; Swanson, 2004) . Since the 1970s, many demographic factors have been associated with dropping out of school (Rumberger, 1987 (Rumberger, , 2004 including increased rates of drop out among males, African Americans, Hispanics, low socioeconomic (SES) families, as well as schools in urban and rural contexts. However, beyond demographic variables, the central focus of the current study is to ask: What do we know about how well school malleable factors predict if a student will drop out or graduate?
This issue is important not only in helping understand who will drop out, but also aids in a school's decision to provide dropout interventions to students deemed at-risk (Gleason & Dynarski, 2002) . If a dropout predictor is not accurate, then some students will be misidentified as likely to drop out when they would have graduated without intervention. As noted by Gleason and Dynarski (2002) , this issue leads to inefficient management of limited school district resources, as schools are potentially funding expensive dropout prevention initiatives to students who do not require intervention. In addition, students misidentified as at risk of dropping out, when in fact they would not have dropped out, could conceivably be categorized under a type of at-risk deficit model, negatively impacting their school achievement as they may be pulled out of the regular curriculum for dropout interventions or experience other adverse consequences of the misapplied at-risk label. The reverse situation is also a major problem: If a predictor is inaccurate, then many students who do eventually drop out are never identified as at-risk, and thus the school district is unaware of the issue and does not provide an intervention to students who may need it. Indeed, some studies have estimated that many dropout flags only accurately identify about 50% to 60% of the students who do eventually drop out (Balfanz, Herzog, & MacIver, 2007; Gleason & Dynarski, 2002; Janosz, Archambault, Morizot, & Pagani, 2008) . This means that large percentages of students who are identified by dropout flags do not drop out, and conversely a large percentage of students who do drop out of high schools are not identified by their school districts.
Nevertheless, there is a perception in policy and the research literature that we know who will drop out. As stated by Troob (1985) , "[Their study] supports the perception that most future dropouts can be identified at the beginning of their high school careers" (p. 1). But is this perception true? Claims across the dropout prediction literature are extremely varied, with many reporting specific problems with dropout flags, to others that state that they are able to predict early on who will drop out, to still other studies that state that their flags are almost 100% predictive. However, the literature is plagued by inconsistent language, and to date, no study has attempted to compare each of the reported dropout flags across the studies on a standard metric, comparing the claims of each study on precision, sensitivity and specificity. This inconsistency has created a hodgepodge of claims as to the accuracy of the tested dropout flags across the literature that is difficult to evaluate in an effort to help schools, districts, researchers and policymakers find and employ accurate indicators of student dropout risk.
Purpose
The purpose of this study is threefold. First, we aim to comprehensively examine the dropout prediction literature over the past 30 years and present a synthesis of each of the calculations from across the studies by recalculating and reporting the precision, sensitivity and specificity from each study, whether it was originally reported or not. Second, we outline a method from the signal detection theory literature for comparing each dropout flag for precision, sensitivity and specificity so that each dropout indicator can be compared as to its accuracy, known as a Relative Operating Characteristic (ROC). Third, we present a comparison of each of the dropout flags using a ROC analysis to identify which predictors of high school dropout are the most accurate and usable by schools, districts, policymakers and researchers.
Methods

Study Selection and Inclusion Criteria
As a review of the literature on the most accurate dropout flags that correctly identify students who drop out and do not misidentify students who graduate as at risk of dropping out, we aimed to include studies from the past 30 years that presented empirical results on dropout predictors. Our criteria list for eligibility for each study was: (a) The study focused on high school dropout prediction; (b) The study examined school-wide characteristics, all students in the school were included in the study, and the study was not specific to one subgroup of students (such as students with a learning disability); (c) The study focused
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To create an encompassing search of high school dropout prediction literature, we performed Boolean searches in JSTOR, ERIC, Educational Full Text Wilson Web and Google Scholar. We searched literature published after 1979. We used various search strings to explore the breadth of the articles pertaining to high school dropout prediction. The Boolean phrase "(dropout*) AND (Indicat* OR Identif* OR Predict*) AND (School* or edu*)" serves as an example of one of the more effective search phrases. This specific search yielded 843 articles in EBSCO, 1437 in HW Full Text, 15322 in JSTOR, and 14400 in Google Scholar (not mutually exclusive). In addition we included Worldcat and Google Books to search for books relating to our study. Throughout the database research process, reference sections of applicable articles, foundational pieces and dissertations were mined for further resources that may have been missed through the Boolean searches. This resulted in 6,434 studies. After reading the article titles and abstracts yielded by the initial searches, we decided to remove dissertations as well as publications that only studied a specific school subpopulation to add the appropriate specificity to our paper (i.e., gender, ethnicity, socioeconomic levels, learning disabilities). We omitted studies that analyzed school effects on students' likelihood to drop out, such as how school size impacted student dropout rates. Thus, the present study includes studies that predicted dropout likelihood based on student-level characteristics using school-wide samples. This resulted in 301 studies that were read in full.
The final stage narrowed down these 301 further to 140 studies after parceling out those that initially seemed usable but upon reading the full text did not meet the inclusion criteria by either not having a school-wide sample or by not reporting quantifiable data. Finally, these 140 articles were examined more closely to determine whether the articles included the data we required. Thirty-six of these articles contained the necessary data for the new calculations discussed below. We derived from the reporting in each of these 36 articles the following information: the number of students in the sample with the dropout indicator, the number of the students without the dropout indicator, the number of students with the flag who dropped out, and the number of students without the flag who dropped out. We used this information to determine the precision, specificity, and sensitivity of each study's dropout predictor. Multiple articles reported multiple dropout indicators, hence from the 36 articles, we report on 110 dropout flags. Table 1 provides sample characteristics of each of the 36 studies, including the database and sample location analyzed in each study, the projected graduation year of the cohort studied, and an indication of how each study defined a dropout. If a study used a nationally representative sample, then the location is denoted as U.S. As is evident from While the definition of who is a "dropout" on the surface appears to be simple, such as all students who did not receive a high school diploma, how a dropout is defined is an issue across the literature. High school students have a broad range of options in the timing of completing their degrees (Bowers, 2010b; Cameron & Heckman, 1993 ; Kronick & Hargis, Pallas, 1989 Pallas, , 1993 Pallas, , 2003 , such that students may drop out and then return to school to complete their degree at a later date, can transfer to other schools, or can complete a GED or alternative education degree. As presented in Table 1 , multiple studies noted in the text of their methods that they included these other outcomes, such as transfer or a GED/alternative education certificate, as indicators of dropping out. For the studies that included transfer (Balfanz, et al., 2007; Mensch & Kandel, 1988) , the authors argued that the final student outcomes of students who transferred out of the studied districts could not be determined.
Sample Characteristics and Dropout Definitions
For the GED/alternative education inclusion, studies that included this outcome took the perspective of identifying indicators of on-time high school graduation with a regular high school diploma, given the literature on the non-equivalence of the GED in comparison to a regular high school diploma (Cameron & Heckman, 1993; Tyler, 2003) .
Comparative Analysis Method
To compare the accuracy of each of the 110 dropout indicators reported across the 36 studies, we first recorded the reported numbers from each manuscript. Of note, none of the studies correctly reported all three calculations of precision, sensitivity and specificity. Many of the studies reported the overall sample size, and then variations on the percentages of dropout students with the dropout indicator, or students with the indicator who dropped out. In many instances these percentages were reported as whole numbers, or only to one decimal place, thus we back-calculated from the percentages to get the overall numbers of students in each group, rounding up to whole numbers when required. In addition, some studies reported the percentages of students who graduated with the flags, rather than dropped out; in these instances we recalculated the reported numbers as dropout indicators, such as taking one minus the reported graduation flag percentage to get the dropout percentage. Furthermore, many studies first report the overall number of students with the dropout indicators and then go on to conduct inferential statistics, such as logistic regression, failing to report the posterior probabilities of the statistics, reporting only regression coefficients. In these cases, we included the study data from the descriptives only, since it was not possible to deduce the required frequency information without the posterior probabilities. Thus, unless otherwise noted, calculations for each study's dropout flags are based on descriptive cross-tabulations.
The purpose of the present study is to highlight, encourage, and provide an example of the usefulness of providing accuracy measures across the dropout indicator research and to help move the field towards a more consistent reporting structure. As will be detailed further below, an analysis across the literature that would take the form of a meta-analysis is outside the scope of the present study due to this current lack of consistent reporting across the studies. Thus, we turned to signal detection theory to examine the accuracy of the identified dropout flags.
Following the recommendations of the signal detection and diagnostics systems accuracy theory literature (Hanley & McNeil, 1982; Swets, 1988; Vivo & Franco, 2008; Zwieg & Campbell, 1993) , our analysis of each study included calculations for precision, sensitivity, and specificity (see Figure 1) . Figure 1 outlines a contingency table (crosstabs) in which the event under consideration is if a student drops out or graduates (columns). A dropout indicator predicts if the student will drop out or graduate (rows). This type of event table mirrors issues with Type I and Type II errors (Rogosa, 2005) , in that true-positives and true-negatives are correct predictions of dropouts and graduates, but false-positives are Type I errors that reflect students with a dropout flag who graduate, while false-negatives are Type II errors that reflect students predicted to graduate who then drop out. We are interested here in examining the interplay between these different prediction outcomes in dropout indicator studies. Thus our analysis included calculations for precision, which is the true-positives divided by the total number of students with the flag, the true-positive proportion (sensitivity) which is the true-positives divided by the total number of actual dropouts, the true-negative proportion (specificity) which is the true-negatives divided by the total number of graduates, and the false-positive proportion (1-specificity) which is the false-positives divided by the total number of graduates. None of the studies reviewed for this analysis reported all four of these indicators of accuracy, with almost all studies reporting precision and many reporting sensitivity, but almost none reporting specificity or the false-positive proportion. In the parlance of signal detection theory (Swets, 1988) , the two most important calculations for considering the accuracy of a predictor are the true-positive proportion and the false-positive proportion, known as "hits" versus "false alarms." Unless a detection system is perfect, there will always be a trade-off between hits and false alarms, in that as one attempts to maximize the number of hits by casting a wider net, one must also be conscious of the number of false alarms that the wider net may also end up catching mistakenly. It is exactly this issue that is the focus of the present study, which has to date rarely been addressed in the dropout indicator literature.
Results
In this section we present the results of the analysis of 110 dropout indicators across the 36 studies. We first present each of the 110 dropout indicators along with the recalculations of precision, specificity and sensitivity for each flag. We then propose the use of relative operating characteristic (ROC) analysis from the systems detection theory literature as a useful procedure to compare each of the different dropout flags using a measure of accuracy based on each indicator's differences in sensitivity and specificity and provide an initial example using ten flags from one of the included studies. Finally, we present the full ROC analysis of all 110 dropout flags to examine the accuracy of reported dropout indicators to date and determine which dropout flags are the most accurate.
Precision, Sensitivity, Specificity Table 2 presents our findings, providing a description of each dropout indicator along with the calculated values for each of the 110 dropout indicators across the 36 studies. We assigned an ID to each indicator and provided the grade level at which the indicator was calculated at for each study's sample, a description of each dropout flag, the sample size, dropout rate for the sample, and the precision, true-positive proportion (the sensitivity or "hits"), true-negative proportion (the specificity), and the false-positive proportion ("false alarms").
From the perspective of flags that indicate a high risk of dropping out, the precision can be True-Positive Proportion = a/(a + c) Sensitivity interpreted as the percent of students with the flag who dropped out, the true positive-proportion is the percent of all of the dropouts who had the flag, and the false-positive proportion is the percent of the graduates who had the flag.
For the first time in the dropout indicator literature, the results in Table 2 provide a means to examine the variability across dropout indicator studies in sample context, flags tested, and indicators of precision, sensitivity and specificity. Overall, the studies varied considerably in the grade level at which each flag was calculated, the dropout flags, the sample size of each study and the dropout rates in each context. Grade level ranged from examining indicators in kindergarten and first grade up through the final semesters of high school in grade 12. Sample sizes ranged from a low of 99 through almost 50,000 students. Dropout rates reported also varied considerably, from a low of 3% to a high of 57%, depending on the context and the number of grade levels included, as samples that included only students from higher grade levels, such as grade 10 or higher, already had experienced students dropping out such that students at earlier grade levels were not captured in the studies. Of note, the studies of the large urban schools districts, Chicago, Los Angeles, and Philadelphia, all had extremely high dropout rates. This issue of the high variability in not only the dropout rates between each sample, but also the size of the samples, is rarely discussed in the dropout identification literature. We discuss this issue at further length below.
Precision was the most commonly reported metric across the studies, and precision ranged across the reported flags from a low of 0.041 for flag number 109, student employed 1-20 hours per week (Warren & Lee, 2003) , in that only 4.1% of the students with the flag dropped out, to a high of 0.971 for flag number 86, three risk factors of mother less than a high school degree, single parent family and student retained , in which 97.1% of 105 Troob (1985) *Indicates studies that predicted dropout rather than measured it. 1Multiple flags were two to three out of the following risk factors: ever previously dropped out, had a child, attended six or more schools, high absenteeism, being overage for grade, low grades, having a sibling who dropped out, unsure of graduating from high school, spends less than 1 hour a week on homework. 11High risk group defined as one or more indicators: dependent children, ever married, with disabilities, living with neither parent, lone-parent, parent had less than postsecondary education, parents not working, both parents work blue collar jobs, father's education unknown. The High School Journal -Dec 2012/Jan 2013 the students with the flag dropped out. However, a focus exclusively on precision is problematic. As a measure of the percentage of students who had the flag who dropped out, while almost all of the students may have a flag and drop out, precision alone does not provide an indication of the proportion of all of the dropouts that are identified by the flag. This is because the precision calculation focuses on a proportion based on the predictor, and as noted in Figure 1 , is calculated as a proportion of the row marginal total. Thus, precision gives an incomplete indication of the number of students missed by the flag. In contrast, the sensitivity, or true-positive proportion, provides a means to examine the percent of students who dropped out who had the flag. Thus as an example of this issue, for the Pagani et al. (2008) flag, number 86, while 97.1% of the students with the flag dropped out (precision), only 6.8% of all of the dropouts had the specific reported combination of flags (sensitivity, or true-positive proportion). Thus, while of interest, in the search for a dropout flag or combination of flags that identifies the majority of the students who will drop out, one must take into account both the precision and the true-positive proportion. The truepositive proportion varied across the studies from a low of 0.044 for flag number 13, student has all four of low attendance, unsatisfactory behavior, failed math and failed English in grade 6 (Balfanz, et al., 2007) , to a high of 0.969 for flag 70, student involved in no more than one extracurricular activity in high school (Mahoney & Cairns, 1997) , indicating that 96.9% of the students who dropped out in the Mahoney and Cairns sample did not participate in more than one extracurricular activity in high school. In addition, the falsepositive proportion is equally of interest, since it captures an indication of the number of graduates misidentified as potential dropouts. As an assessment of a dropout flag, one would want the false-positive proportion, the false alarms, to be low. Across the studies, the false-positive proportion varied from a low of 0.001 for flag 86, three risk factors , to a high of 0.816 for flag 69, student not involved in more than one extracurricular activity in middle school (Mahoney & Cairns, 1997) , indicating that for students in the Mahoney and Cairns sample, 81.6% of the graduates had this specific dropout flag, suggesting poor specificity for this flag. Hence, as can be seen from Table 2 , examining the true-and false-positive proportions is important since these two proportions can vary substantially from each other. As will be discussed below, this is because each proportion is independent from the other because it is calculated from a different subgroup. Stated a different way, in Figure 1 , these two proportions are calculated using different column marginal totals, which means that the true-positive proportion is calculated from the dropouts and the false-positive from the graduates. To date, this point has not been articulated in the dropout prediction literature.
Thus, we found a large amount of variance across each of the studies. This makes interpretation of the findings presented in Table 2 difficult, given the large number of dropout flags as well as the differences between the flags. What is needed is a way to visualize the differences between these calculations that aids in interpreting the accuracy of each dropout indicator.
The Relative Operating Characteristic (ROC) One way to visualize these differences is to take the false-positive proportion and the truepositive proportions from Table 2 as an (x,y) coordinate system. Known in the signal detection theory literature as a Relative Operating Characteristic, or a Receiver Operating Characteristic, a "ROC" calculation (Fawcett, 2004; Hanley & McNeil, 1982; Swets, 1988; Vivo & Franco, 2008; Zwieg & Campbell, 1993) , the true-positive proportion is plotted against the false-positive proportion for each indicator. As stated by Gleason and Dynarski (2002) , the objective for studies examining the indicators of dropout is to find the most predictive flags that identify the majority of students who will drop out while not misidentifying students who graduate as potential dropouts. This inherently is an issue with the difference between accuracy and precision. A dropout indicator may be highly precise, in that almost all of the students with the flag drop out, yet may not be accurate, in that the flag identifies only a small proportion of all of the dropouts. The dropout indicator literature to date has lacked an effective method for evaluating the accuracy of reported flags.
Plotting each flag in what is known as a "ROC plot" provides a means to evaluate the accuracy of dropout indicators (see Figure 2) . As an initial example of the ROC procedure for comparison of dropout flags, we first plotted just ten different dropout flags from Balfanz et al. (2007) in Figure 2 . The Balfanz et al. (2007) study is of interest for this initial comparison because it (a) contained many flags, and (b) contained many combinations of flags. Following the recommendations of signal detection theory (Fawcett, 2004; Hanley & McNeil, 1982; Swets, 1988; Vivo & Franco, 2008; Zwieg & Campbell, 1993) , the ROC plot in Figure 2 plots the true-positive proportion against the false-positive proportion. A hypothetical dropout indicator that would correctly identify 100% of the dropouts and zero percent of the graduates would be plotted at the point (0,1) at the top left-most corner of the plot. The dotted forty-five degree line represents a random guess in which the proportion of truepositives and false-positives is equal. An indicator above the line and approaching the top left-most corner is considered more accurate because it maximizes the proportion of truepositives ("hits") while minimizing the proportion of false-positives ("false alarms"), while an indicator below the line is less accurate. As opposed to focusing on just precision or sensitivity as has been the standard practice in the past dropout predictor literature, the ROC plot allows one to visualize each dropout flag within the entire possible ROC space, akin to plotting a bar graph with percentages ranging from 0 as the minimum to 100% as The High School Journal -Dec 2012/Jan 2013 the maximum. In addition, a ROC analysis is an attractive procedure for evaluating the accuracy of an indicator because it is independent of the prevalence in the sample of the event in question, here dropping out. This is because both the true-positive and false-positive proportions are calculated from different groups (Swets, 1988; Zwieg & Campbell, 1993) , i.e. dropouts and graduates. Thus, the differences in sample sizes and dropout rates described in Table 2 across the different studies are attenuated by some extent by this inherent independence of an ROC analysis from the frequency of the event in the sample. , their best predictor, flag number 9, "one or more flags" from grade six that included low attendance, unsatisfactory behavior, failed math, or failed English, correctly identified about 60% of the students who dropped out with a true-positive proportion of 0.595 (Table 2 and Figure 2 , y-axis). As stated in the original study, these flags correctly identified over half of the dropouts but also missed about 40% of the students who did eventually drop out. However, less attention was paid in the study to the false-positive proportion of 0.325 (Table 2 and Figure 2 x-axis) indicating that 32.5% of the graduates also had one or more of these four flags. The ROC analysis identifies the "one or more flags" as the more accurate indicator from the study because it is the closest to the upper left corner of the plot. Moreover, the power of the ROC analysis lies in the ability to compare different flags.
As can be seen in Figure 2 , for the rest of the flags reported by Balfanz et al., the individual flags decrease in accuracy as they get further from the upper left corner from unsatisfactory behavior, to low attendance, failed math, failed English, suspended. Interestingly, Figure 2 also provides a means to evaluate the practice of combining flags, in that here in the Balfanz et al. study, as flags are combined using the Boolean operator "and" (indicating an intersection) the false-positive proportion decreases with an increase in the precision (see Table 2 and Figure 2 ). There is a trade-off in that the true-positive proportion also decreased, as is evidenced in the relative decreasing position of each additional flag on the ROC plot, further and further away from point (0,1). However, the use of "or" (indicating a union) of the "one or more flags" indicator appears to be a valuable strategy from the study in helping to increase accuracy, because it is the more accurate predictor by the ROC analysis. Figure 3 presents the final full comparative ROC analysis across all 110 dropout flags from the 36 studies. Figure 3 plots the true-positive proportion by the false-positive proportion for each dropout flag numbered according to Table 2 . As a point of reference, the "one or more flags" Balfanz et al. (2007) indicator from Figure 2 is labeled in Figure 3 as "9" at point (0.325,0.595). For the first time in the dropout indicator literature, Figure 3 provides a means to examine the accuracy, sensitivity and specificity of each of the reported dropout flags across all of the studies, visualizing each point relative to the rest of the entire ROC space. The purpose of this study is to identify the flags most associated with students who drop out that are (a) accurate, (b) simple to obtain and usable by schools, and (c) under the influence of schools rather than demographics, family SES or neighborhood effects. This analysis provided six main findings.
A Comparison of Dropout Indicators Using ROC Analysis
First, the use of a ROC plot is an improvement over the past methods of reporting only precision or the true-positive proportions, in that each dropout flag can now be visualized and evaluated for accuracy in the context of the other reported indicators. In examining the Balfanz et al. (2007) flags from Figure 2 , now in Figure 3 as points 4 through 13, while flag number 9, "one or more flags", is fairly accurate, it does not appear to be one of the most accurate flags of all of the flags analyzed. The second main finding is that the majority of the dropout flags in Figure 3 cluster near the bottom left of the ROC space. This indicates that while many of these dropout flags had low false-positive proportions, they also had low truepositive proportions, identifying only a small fraction of all of the students who dropped out from each of the samples. The third finding is that many of these dropout indicators are no better than a random guess; with near equal proportions of true-positives and false-positives near the dotted line, such as flag 78 "whether or not a student worked".
Fourth, few studies are near the top of the ROC space in Figure 3 with high true-positive rates. Mahoney and Cairns (1997) provide an interesting example with dropout flags 69 and 70, in which the flag was students involved in no more than one extracurricular activity in middle school or high school, respectively. In Figure 3 , flag 69 is near the top right of the ROC space, indicating both a high true-and false-positive proportion. The dropout flag of students in middle school from the Mahoney and Cairns sample who participated in one or no extracurricular activities captures almost all of the students who dropped out, 94.7% of them; few students drop out who participated in more than one extracurricular activity in middle school. However, this flag also captured 81.6% of the graduates, in that less than 20% of the graduates participated in more than one extracurricular activity, indicating that this flag performed poorly, despite its high true-positive proportion. As discussed above, and plotted here, this is an example of the need to consider both the true-and false-positive proportions, which can behave very differently dependent upon the flag under consideration. Conversely, flag 70, students in high school who participated in no more than one extracurricular activity, is much more accurate, with a similarly high true-positive proportion (0.969) but a relatively lower false-positive proportion (0.502). The ROC analysis provides a means to evaluate flags such as these in comparison to all of the others.
The fifth main finding is that overall, the dropout flags 85, 19 and 63 are the most accurate by the ROC analysis, grouping together in the upper left of Figure 3 . Interestingly, all three of these studies used a form of multivariate longitudinal analysis, Growth Mixture Modeling (GMM), in which flag 85, Muthén (2004) , modeled math achievement trajectories from The High School Journal -Dec 2012/Jan 2013 grades 7-12, flag 19, Bowers and Sprott (2012a) , modeled the trajectories of non-cumulative GPA from grades 9-12, and flag 63, Janosz et al. (2008) , modeled student engagement trajectories from grades 8-12. From the ROC analysis, we posit that flag 85, longitudinal growth in mathematics achievement (Muthén, 2004) , is the most accurate of all 110 flags reviewed, in that as a measure of the longitudinal trajectory of student mathematics achievement, it has one of the highest true-positive proportions (highly sensitive) while maintaining a very low falsepositive proportion. This finding that the most accurate dropout flags incorporate a form of longitudinal growth modeling supports the dropout-as-a-"life course" literature (Alexander, Entwisle, & Kabbani, 2001; Bowers, 2010a Bowers, , 2010b Jimerson, Egeland, Sroufe, & Carlson, 2000; Pallas, 2003) that has suggested that the best way to describe the dropout process is not with cross-sectional data, but rather as a long-term longitudinal event history that includes a student's trajectory through time in school. Our findings support this literature that has argued for longitudinal analysis, demonstrating that the most accurate indicators of dropout appear to be the longitudinal trajectories of student achievement or engagement in school. Indeed, the point of the GMM method used in each of these three flags is to incorporate a growth trajectory model within a structural equation modeling framework, in which the growth model segment of the GMM models the longitudinal change of students over time, while controlling for demographics (Jung & Wickrama, 2008; Kaplan, Kim, & Kim, 2009; Muthén, 2004) . In addition, these types of models are mixture models, which sort out the different trajectories from one another, removing and enriching the group of students with the flag to only those students that have statistically similar growth trajectories. This type of GMM analysis is fairly complex and stands in contrast to the majority of the other studies included that used descriptive statistics, cross-tabulations, or logistic regressions to identify a dropout flag. Thus, it appears that for policy and research on dropout flags, growth mixture models that include achievement or engagement trajectories are superior to all of the other flags reviewed.
Nevertheless, for teachers, administrators, schools and districts, while longitudinal analysis is important, one consistent argument from the dropout literature is that these stakeholders need an easy-to-calculate flag using data already collected in schools that identifies the majority of the students who drop out and does not incorrectly flag graduates at a high rate. Therefore, our final finding to describe is the next most accurate flags from Figure 3 , which includes flag 1, the Chicago on-track indicator including low course credits and failures in grade 9 (Allensworth & Easton, 2007) , flag 15, low non-cumulative GPA (Bowers, 2010b) , and flag 2, three or more first semester course failures (Allensworth & Easton, 2007) . As the final main finding, our analysis demonstrates that out of all of the flags reviewed, flag number 1, the Chicago on-track indicator (Allensworth & Easton, 2007) , is the most accurate and most usable dropout indicator. The ROC analysis indicates that in comparison to all but the growth mixture model studies, the on-track indicator is highly accurate, and, as argued by Allensworth and Easton (2007) , is usable by schools because it a) includes only data already collected in schools (course credits and failures), b) is easy to calculate by examining if a student is behind on the number of credits to stay on-track to graduate and c) examines if a student has any course failures. In addition, the on-track indicator provides a means for intervention, in identifying students that need assistance from the school and district to help them obtain the appropriate number of credits to put them on-track for graduation and to perform well enough in the specific courses they have failed to pass. Moreover, these three flags together, flags 1, 15, and 2, are interesting in that they each include an indication of the performance of the students as measured by low or failing grades. We turn next to a discussion of each of these main findings.
Discussion
While ROC analysis has been rarely applied to the dropout indicator literature before, it appears to have worked well here as a summary procedure reflecting the accuracy of an indicator relative to the other dropout indicators. Here, we offer the present study as a step towards increasing the ability of researchers and practitioners to compare flags on similar measures through consistent reporting of sensitivity and specificity. However, as presented above, the studies varied remarkably across contexts, grade levels, span of data collected, sample sizes, and the types of data that were reported. For future research, we encourage researchers to continue in this line and examine the research using meta-analytic methods, to help control for sample size differences, as well as variation across the contexts. However, given current reporting of dropout indicators as dichotomous, as has been detailed in the signal detection literature (Rice & Harris, 2005) , this is problematic for meta-analysis comparisons because effect size measures are assumed to be normally distributed, as are the standard errors, while any effect size comparison in the dropout literature currently would require point-biserial correlations. Due to this issue, combined with the lack of consistent reporting across studies reported above, we relied here on the use of the ROC comparison method as a first step to improving accuracy reporting across the studies. While outside the scope of the present study, we encourage future research in this domain to examine the use of continuous indicator outcomes, such as ROC "Area Under the Curve" (AUC) analysis (Swets, 1988) , which is amenable to effect size comparisons such as meta-analysis (Rice & Harris, 2005) .
Thus, given the present findings for future research we recommend that dropout indicator studies include not only calculations for precision, sensitivity and specificity, but also the raw cross-tabulation numbers so that each of these proportions may be recalculated at a later date and included in future ROC studies. As others have called for studies that use inferential statistics to appropriately report effect sizes such that standard meta-analysis techniques can be applied, we stress here that it is important for dropout indicator studies to report these calculations based on the recommendations from signal detection theory. As our review of the studies to date indicated, this literature domain has lacked consistent reporting standards so that claims as to precision and accuracy can be evaluated across studies. In reading the studies nominated for inclusion based on our initial search criteria, we initially thought that there would be many more than 36 studies included in the final analysis. We were dismayed to find that haphazard reporting prevented the inclusion of many studies, since we were unable to recalculate the required numbers, because they were either not reported or were not reported appropriately. This was especially true for many of the dropout indicator studies that are highly cited in this domain, such as Alexander et al. (2001) for example, in which, rather than report the actual sample sizes, n's were reported as ranges. In addition, for the 36 included studies, these had to be read multiple times to find all of the information needed to recalculate the numbers, because different studies provided the information in multiple locations, from methods sections, to tables, to the text, to figures and footnotes. We postulate that some of this is due to the large number of non-peer reviewed reports from research and policy centers, but even many of the peer-reviewed journal articles reported the numbers in an inconsistent format. For future research, we recommend that studies report each of the numbers as an event table as in Figure 1 here, as well as each of the calculations for precision, and true-and false-positive proportions.
One of the main findings here is that the majority of the dropout flags included in this analysis clustered near the lower left of the ROC plot, with low false-positive proportions but also low true-positive proportions. We speculate this is because prior to the use of ROC analysis, this domain has lacked a standard method for determining the accuracy of each of the dropout flags. Rather, it appears that many of the studies focused on precision in the absence of accuracy, driving down the false-positive proportion (increasing specificity) but in turn identifying smaller proportions of all of the students who drop out. This may be a good result. Highly precise and specific dropout flags are useful, even if they are not sensitive. For such flags, almost 100% of the students with the flag may drop out, and while the flag misses the majority of the dropouts, this information about a specific flag can be informative for schools. Retention, requiring a student to repeat a grade level, as a dropout flag provides a good example of this point. Retention was defined very differently across the studies, ranging from over age in grade 8 or grade 9, to asking students if they had ever been retained, to examining school records on if the student had ever been retained, to restricting a definition of retention to just specific grade levels, such as middle school. This led to differences in precision and specificity across the studies due to the retention definition, as well as which grade level was included in the definition and how dropout was defined in the study. Nevertheless, for many of the studies that examined retention as a dropout flag, while only a small proportion of all of the dropouts were retained (low sensitivity), the majority of the students retained dropped out (high precision). Thus, as an example here of high precision with low sensitivity, as stated in the extensive literature on the deleterious impact of retaining students (Jimerson et al., 2005; Roderick, 1994) , retaining a student is something that schools do to students, and knowing that retaining students is highly predictive of dropout even if not all dropouts are retained, is an important consideration when attempting to decrease dropout rates.
Furthermore, we found that while combining flags using and increases precision, in that students have each of the flags, our results suggest that a better strategy is to combine flags with or, such that students have any one of the nominated flags. We speculate that this focus on the intersection of flags, rather than the union, also contributed to the high amount of clustering of studies on the lower left of the ROC analysis, increasing precision but decreasing sensitivity. It may be that students drop out for many different reasons, and this is supported by the dropout typology literature (Bowers, 2010a; Bowers & Sprott, 2012b; Fortin, Marcotte, Potvin, Royer, & Joly, 2006; Janosz, LeBlanc, Boulerice, & Tremblay, 2000) . Thus, different flags may encompass different types of students who are highly likely to drop out, so it stands to reason that multiple non-overlapping flags would cast a wide net and capture the majority of students who drop out. However, as demonstrated in the Balfanz et al. (2007) example in Figure 2 , this type of union calculation may experience increased falsepositive proportions, especially if each separate flag has a relatively large proportion of false-positives. Thus, we encourage future research to report on both the union of flags as well as the intersection.
Other than the growth mixture models, the results of the ROC analysis indicated that some of the most accurate dropout indicators that use cross-sectional data, focus on low or failing grades. While this is important given that grades are collected regularly in schools for all students and provide an accessible data point with high face validity for teachers and administrators (Allensworth & Easton, 2007; Bowers, 2010a Bowers, , 2010b , grades have historically been viewed as a subjective and "hodgepodge" assessment of student ability and academic knowledge, including academic achievement as well as class participation and behavior (Brookhart, 1991; Cizek, Fitzgerald, & Rachor, 1995 -1996 Cross & Frary, 1999) . However, an emerging line of research suggests that teacher-assigned grades are a multi-dimensional assessment of both student academic achievement as well as a student's ability to negotiate the social processes and norms of schooling (Bowers, 2009 (Bowers, , 2011 Klapp Lekholm & Cliffordson, 2008 Willingham, Pollack, & Lewis, 2002) . We posit that low or failing grades may constitute teacher assessment of a student's ability at both the academic components of their courses and social and behavioral components, as represented by their low and failing grades, indicators highly predictive of whether a student will persist in the system. We encourage more work in this area, since our results here suggest that low and failing grades, especially when coupled with a low number of credits in high school, are some of the most accurate indicators of students at risk of dropping out.
Conclusion
In conclusion, our results indicate that while there is high variability across the dropout flags in the literature, there are some indicators that are more accurate than others. The goal of an early warning system, which is the purpose of dropout flags, to warn a school early that a student is at an increased risk of dropping out in the future, is to correctly identify the students who will drop out, without mistakenly flagging students who would have graduated anyway. The costs of poor and inaccurate dropout flags is not only in misspent funds on dropout interventions for students who would have graduated anyway, but also in categorizing students as at-risk when they are not, as well as in missing students who actually are at risk of dropping out. We hope that this study provides a way forward to help future research on dropout identification improve the accuracy of dropout flags, to help identify early which students are the most likely to drop out, and direct the limited funds of schools and districts to the specific needs of each student to help them graduate on time.
